To reconstruct a phylogeny for a given set of species, most of the previous approaches are based on the similarity information derived from a subset of conserved regions (or genes) in the corresponding genomes. In some cases, the regions chosen may not reflect the evolutionary history of the species and may be too restricted to differentiate the species. It is generally believed that the inference could be more accurate if whole genomes are being considered. The best existing solution that makes use of complete genomes was proposed by Henz et al. 13 They can construct a phylogeny for 91 prokaryotic genomes in 170 CPU hours with an accuracy of about 70% (based on the measurement of non-trivial splits) while other approaches that use whole genomes can only deal with no more than 20 species. Note that Henz et al. measure the distance between the species using BLASTN which is not primarily designed for whole genome alignment. Also, their approach is not scalable, for example, it probably takes over 1000 CPU hours to construct a phylogeny for all 230 prokaryotic genomes published by NCBI. In addition, we found that non-trivial splits is only a rough indicator of the accuracy of the phylogeny. In this paper, we propose the followings.
Introduction
Reconstructing a phylogeny for a given set of species is a well-known problem in computational biology. The resulting phylogeny can help researchers to understand the evolutionary history and relationship of the species. In the case of viruses, we may be able to identify the origin of the viruses so that precaution can be taken to avoid further spreading of the viruses. Therefore, an accurate and efficient reconstruction method is desirable.
Most of the previous approaches are based on a subset of conserved regions extracted from the corresponding genomes for the inference. 3, 5, 18, 28, 30 The distance between each pair of species is usually derived from the similarity of the selected regions. The accuracy of the produced phylogeny thus depends on the choice of these regions. Not surprisingly, there may be cases that these regions do not truly reflect the whole evolutionary history of the species. Different phylogenies may be obtained by selecting a different set of re-gions. Or if only a small portion of the genomes is selected, there may be the problem of mutational saturation, that is, the selected regions are not powerful enough to differentiate the phylogenetic relations of some species. It is generally believed that the inference of phylogeny could be more accurate if the whole genomes are being used.
10, 13, 14
However, there are two concerns for using the complete genomes: the scalability problem and the distance measure. To construct the phylogeny of a given set of species, we need to compute a distance for every pair of species. The amount of computation required grows quadratically with the number of species. Many previous attempts only deal with a small number of species (e.g., only nine and eleven genomes are considered by Hemiou et al.
14 and Fitz-Gibbon and House, 10 respectively). Also, how to derive a good distance measure for every pair of species is not completely resolved as most of the alignment tools are not designed for measuring the similarity (or distance) between two complete genomes.
The best existing solution along this direction was proposed by Henz et al. 13 They are able to construct a phylogeny for 91 prokaryotic genomes in 170 CPU a hours with an accuracy of about 70% when compared with phylogeny that is constructed using the taxonomy published by NCBI (we consider this as the true phylogeny). The accuracy measure used in their paper is based on the concept of non-trivial splits. Each internal edge in the phylogeny is called a non-trivial split. By deleting any of these edges, the species are separated into two groups. If there is a corresponding split in the true phylogeny, the split is considered to be good. The percentage of good splits is used as the accuracy measurement. In fact, using the percentage of good splits as the accuracy measure may not be a good indicator on the quality of the phylogeny. Figure 1 gives an example. The constructed phylogeny given in Figure 1 (b) wrongly groups the whole Family B1 with Family A1 in the same subtree, and the Family B2 with Family A2 in another subtree. However, the accuracy based on non-trivial splits is as high as 92.3%. The problem is due to the fact that non-trivial splits do not explicitly capture the topology of the phylogenies. Moreover, their distance measure is based on the output of BLASTN which is not primarily designed for whole genome alignment. According to their approach, for each pair of genomes, BLASTN is executed to output a set of high-scoring local alignments. The total number of matched nucleotides from these alignments will be used as the similarity measure (and then the value is converted to a distance measure). However, there are examples where closer species may have a low score while two distant species may have a high score. For examples, the species Ralstonia solanacearum (Rs) and Neisseria meningitidis (Nm) should belong to the same group of beta-proteobacteria. On the other hand, the species Chlorobium tepidum (Ct) is from another family Chlorobi. However, based on the score from BLASTN, the distance of Ct from Nm is only 0.206 while the distance of Rs from Nm is about 3.86. That is why Nm and Ct are clustered together instead of Nm and Rs using Henz et al.'s approach (see Figure 2 (a), for the mapping of the names of the species with the symbols, please refer to Figure 6 ). A similar example occurs to Treponema a In their paper, they only report the CPU hours used without mentioning the actual running time which should be longer than the reported CPU hours. For our results, we will report both the CPU hours and the actual running time for comparison. pallidum (Tp), Borrelia burgdorferi (Bb), and Clostridium perfringens (Cp).
We believe that the problem is due to the design of BLASTN which aims at locating all highly similar local alignments without considering the alignment of the whole genomes globally. Also, their approach is not scalable. It is estimated that to construct a phylogeny for all 230 prokaryotic genomes published by NCBI may take more than 1000 CPU hours which is not practical. To tackle these issues, in this paper, we propose the followings.
• To evaluate the quality of a phylogeny with respect to a true phylogeny, we suggest to use a well-known concept in the computer science community, called maximum agreement subtree, 6, 19 which captures the structure of the phylogeny and has been used for comparing the similarity of two given trees. In fact, the same concept has been used to compute a consensus tree given several different phylogenetic trees. 1, 15, 25 Roughly speaking, a maximum agreement subtree is defined as follows. From the constructed phylogeny, we select a maximum subset of species such that the resulting subtree based on these species should have the same topology (structure) as the resulting subtree derived using the same set of species in the true phylogeny. This subtree is called a maximum agreement subtree. The percentage of the selected species is used as the evaluation measurement. Referring to the example in Figure 1 , Figure (c) shows a maximum agreement subtree and the accuracy of the constructed phylogeny based on this new measure is 50% (contrary to the 92.3% based on non-trivial splits) which reflects the quality of the tree more appropriately. In Section 3, we will highlight the difference of two measures based on the output given in Henz et al.
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• For the distance measure, we propose to derive it from the output generated by the whole genome alignment software (such as MUMmer). Basically, we measure the number of matched nucleotides in the conserved regions reported by the software. We believe that the reported regions are more meaningful than the local alignments reported by BLASTN with respect to the comparison of two whole genomes. Most whole genome alignment software such as MUMmer are more efficient than BLASTN (note that they report different things). Yet a brute force approach to generate the distances for all pairs of genomes using MUMmer still requires a lot of computation. For example, it takes 9.5 CPU hours (i.e., 11.5 days of actual running time) to execute MUMmer for each pair of the 91 genomes tested by Henz et al. Although it is already much faster than Henz et al.'s approach, it is still not feasible for a larger set of species. So, we derive an efficient approach to speed up the generation of the the pairwise distances, enabling us to have a feasible solution for 230 genomes. Based on the experiments on real data sets, we found that our approach is more accurate and more scalable than Henz et al.'s approach (see Table 1 ). We can construct a phylogenetic tree on the same set of 91 genomes with an accuracy more than 20% higher (with respect to both evaluation measures) in 2 CPU hours (more than 80 times faster than their approach). The actual running time of our approach is only 7 hours. Our approach is scalable and can construct a phylogeny for 230 prokaryotic genomes with accuracy of 85% and 90% (with respect to our measure and the measure of good splits, respectively) in only 9.5 CPU hours (the actual running time is about 38 hours). In our experiments, we also tried a few different whole genome alignment tools, which all can provide a phylogeny with higher accuracy (details will be given in Section 4). It seems that the output provided by whole genome alignment software should provide a better distance measure than other software (such as BLASTN) that are not designed for whole genome alignment. As a remark, we have also tested two other whole genome alignment software (MSS 22 and Hybrid 4 ) the accuracy of the predicted tree is more or less the same.
Organization of the paper: Section 2 discusses our approach, the distance measure we use, and how we speed up the whole procedure. We then describe the details of using maximum agreement subtree as our evaluation measure in Section 3. The experimental results will be presented in Section 4. Section 5 concludes the paper.
The Distance Measure and Our Approach
In this section, we describe our approach for generating the phylogenetic tree for a set of given species, in particular, the distance measure we use in the generation process. The following shows the framework of our approach.
Step 1: For each pair of species, perform the whole genome alignment using one of the selected software tools.
Step 2: Based on the output from the whole genome alignment software, we calculate a distance measure for each pair of species.
Step 3: Generate the phylogenetic tree using one of the distance-based phylogeny reconstruction software tools.
The Whole Genome Alignment Tools : The key difference between our approach and Henz et al.'s approach is that our distance measure is derived from the output given by software tools that are specially designed for locating conserved regions in the whole genome alignment. There are a number of software tools for whole genome alignment. 4, 7, 8, 29 They try to report all conserved regions of the given genomes. Most of these tools work as follows. They first identify a set of short substrings that are highly similar and unique in both genomes. These substrings are called anchors. These anchors provide a rough guideline on which parts of the genomes we should examine for conserved regions. It is obvious that not all anchors identified in the first step are useful as a lof of them may come from noise. The second step will consider these anchors based on different criteria and techniques (e.g. maximum common subsequence and clustering) so as to eliminate the noise and identify the conserved regions along the whole genomes. The set of anchors reported by the software is believed to be the markers for the conserved regions of the genomes. A common choice for anchors is the maximal substrings that are exactly matched and unique in the two genomes (called MUM). In this paper we use MUMs as our anchors for all experiments.
The Distance Measure: In order to show that the output from the whole genome alignment software tools is more appropriate for phylogenetic tree generation, we follow the idea of Henz et al.'s approach and use a straightforward distance measure. That is, we derive our measure from the total lengths of all the MUMs reported (that is, the selected anchors) by the software and normalize the value by the length of the shorter genomes. More precisely, we use the following distance measure.
Distance Measure = − log 2 Total MUM Length min{Lengths of Sequences} In Henz et al.'s approach, instead of using the total MUM length, they use the total number of matched base pairs based on the set of high scored non-overlapping local alignments returned from BLASTN.
The Phylogeny Reconstruction Tools: In our research, we focus on distance-based phylogenetic reconstruction tools. Most of these software tools are based on two approaches: UPGMA 24 and Neighbor-Joining. 12, 20, 26 In this paper, our main purpose is not to evaluate the performance of different reconstruction tools. Therefore, based on the experimental results in Henz et al., BIONJ 12 performs the best among all the evaluated tools, so we also perform our experiments using BIONJ. Interested readers can refer to the PHYLIP package developed by Joe Felsenstein 9 for more information on different phylogenetic tree reconstruction software tools.
The Speed Up: In Step 1, for each pair of species, we have to identify a set of MUMs which requires the construction of a suffix tree for one of the species which also dominates the running time of the whole process (when using MUMmer). A brute-force approach would have to construct O(n 2 ) suffix trees where n is the number of species. From our experiment on 91 prokaryotic genomes, the brute force approach will take about 9 CPU hours and 11.4 days of actual running time. Although it is faster than Henz et al.'s approach, it may not be feasible for a large set of species. So, instead of constructing a suffix tree for each pair, we speed up the process as follows. We partition the species into groups of x species. We concatenate the genomic sequences of the species in each group and construct one suffix tree for each group, then for each sequence, we search against this suffix tree to locate MUMs for x pairs of species simultaneously. In other words, we avoid constructing the same suffix tree repeatedly as in the brute-force approach and also we speed up the searching process of MUMs by checking x pairs of species for MUMs in one round of searching. We are able to implement this approach in a PC with 4G memory by setting x = 32. The running time for the generation process decreases to 2 CPU hours (or 7 hours of actual running time) for 91 genomes.
From the viewpoint of theoretical analysis, we improve the time complexity from O(mn 2 ) where m is the length of each genome to O(mn) since the number of groups is small and can be considered as a constant in practice. We remark that the number of species (x) in each group should be calculated based on the available amount of memory and the sequence length of the species.
The Evaluation Measure
To evaluate the quality of a phylogenetic tree, we compare it to the phylogeny that is constructed using the taxonomy published in NCBI b (we call this the true phylogeny). One of the common concepts used for the comparison is the non-trivial splits. 13, 27 In this section, we formally define the measurement based on non-trivial splits and illustrate by a real example that this measure may not be a good indicator for the quality of the tree. Then, we propose to use the concept of maximum agreement subtree, a well-known concept in computer science community used for comparing the similarity of two given trees, to evaluate the quality of a predicted phylogeny.
Non-Trivial Split: Given a phylogenetic tree, each internal edge, that is, the edge without a leaf (a species) attached to it is called a non-trivial split (we simply refer it as a split). For each split, if we delete the split, the tree will be partitioned into two connected components. All species will be divided into two sets according to which component that species belongs to. Intuitively, each split poses a classification on the species. If there is a corresponding split in the true phylogeny so that the species are partitioned exactly the same as that split. It means that the classification is correct and we call that split a good split. So, it is natural to define a measurement to evaluate the quality of the predicted tree as the percentage of the number of good splits out of the total number of splits in the predicted tree. In Section 1 (Introduction), we provide an artificial example to illustrate that counting the percentage of good splits may not be a good indicator of the quality of the tree. In fact, splits do not explicitly capture the topology of the trees which is important in understanding the evolutionary history of the species. Also, some splits should be more important than the others. In particular, the split which separates a big family from another big family should be considered more important than a split which separates a species from the other species inside a subgroup. However, the measurement does not distinguish between these splits. In this section, we try to illustrate this problem using a real example. is true phylogeny From the figures, one can see that the groups of alpha-proteobacteria, beta-proteobacteria, gamma-proteobacteria, and Spirochaete, are wrongly splitted into two or more subgroups attached to different parts of the phylogenetic tree. However, if we count the percentage of good splits, it is 72.7% which is a rather high score. It seems that this measurement may not be a good indicator.
The Maximum Agreement Subtree : The concept of maximum agreement subtree is not new in the computer science community and also, it has been used to reconcile different evolutionary trees and extract the maximum set of species such that the evolutionary relationships among these species are all agreed by these trees. 2, 16 Given two trees, T 1 and T 2 , with leaves labelled by the same set of species, an agreement subtree is defined as follows. Let L 1 be a subset of species (leaves) in T 1 . The subtree of T 1 induced by L 1 is an agreement subtree of T 1 and T 2 if this subtree is isomorphic to the subtree of T 2 induced by the same set of species L 1 . Intuitively, if there is an agreement subtree induced by the subset L of species, it means that the evolutionary structure of these species are the same in both trees. If the size of L is the largest possible, then the corresponding agreement subtree is called a maximum agreement subtree. Based on this idea, we derive a measure to evaluate the quality of the predicted tree by considering the largest possible size of L such that an agreement subtree exists. The percentage of the species that are selected in L is our proposed measure. Referring to Figure 2(a) , if we use the percentage of species in the maximum agreement subtree as our quality measure (the selected species have been bolded in the figure), the evaluation score is 65.9% which we believe is a better score that reflects the quality of the tree.
Remark:
In practice, the predicted tree is an unrooted binary tree, however, the true phylogeny is rooted and may not be a binary tree since the exact details of the evolutionary history of the species in a subgroup may not be known. To compute the maximum agreement subtree (it is referred as the maximum compatible subtree), if there is a node in the true phylogeny with degree > 3, we allow it to be refined to a binary one by inserting artificial nodes so that deleting all these artificial nodes can get back the original subtree. In other words, we allow the predicted tree to have any evolutionary structure for these set of species. Similarly, the same applies to non-trivial splits. A non-trivial split in the predicted tree will be considered good if it corresponds to an artificial edge added because of the refinement process.
To compute the maximum compatible subtree is not trivial. Ganapathysaravanabavan and Warnow 11 provided a dynamic programming algorithm of O(n 3 × 2 4d ) time, where n is the number of species, for computing such a subtree for two unrooted trees with bounded degree d + 1. However, the algorithm takes too long to compute (more than 30 minutes for 91 genomes and 172 hours for 230 genomes). In fact, the algorithm is a straight-forward extension of their algorithm for rooted trees. Many entries in the dynamic programming tables are computed more than once. We eliminate this redundancy by deriving a more efficient dynamic programming algorithm and the time complexity can be reduced by an O(n) factor. Also, in our case, one of the trees has degree at most 3, so our algorithm
It only takes about 20 seconds and 45 minutes for 91 and 230 genomes, respectively.
Experimental Results
We have used two data sets for our experiments: Data Set I: 91 prokaryotic genomes that were used in the experiments of Henz et al. 13 Data Set II: all 230 prokaryotic genomes that are published in NCBI c . We use MUMmer 23 as the whole genome alignment software and work on the translated protein sequences of the genomes. For the phylogenetic tree reconstruction software, we use BIONJ. 21 The true phylogeny is derived from NCBI taxonomy in both data sets. For both data sets, we evaluate our predicted phylogenetic tree using both measures. For Data Set I, from Table 1 , we can see that our approach achieves an accuracy of more than 20% higher than Henz et al.'s approach in both measurements. Figure 3 shows the our predicted tree. For Data Set II, the accuracy of our predicted tree is 85.2% and 90.3% using the percentage of species in the maximum agreement subtree and good splits respectively. Figure 4 and 5 show the true phylogeny and our predicted tree for Data Set II. To conclude, our approach provides a more accurate method to predict phylogenetic tree.
For running time, our approach only requires 2 CPU hours (or 7 hours of actual running time) for Data Set I and 9.5 CPU hours (or 38 hours of actual running time) for Data Set II. Our approach is much faster (more than 80 times) than Henz et al.'s approach and in fact, their approach is not feasible for Data Set II as the estimated computation required will be more than 1000 CPU hours. So, our approach is more scalable than their approach.
Remark:
We have also tried some other whole genome alignment software tools: MSS and the hybrid approach 4, 22 that combines MaxMinCluster 29 and MSS. We use the same proposed distance measure to construct the distance in all cases. For both measures and data sets, our approach (no matter which software tool is used) is able to produce phylogenies with higher quality (18% higher using MSS and more than 20% for hybrid). It illustrates that the output from the whole genome alignment tools is useful in constructing phylogenetic trees. On the other hand, MSS is quite intensive in computation. So, it takes longer time if we use these two software tools (for Data Set I, about 30 and 95 CPU hours are required, respectively, for MSS and hybrid) although it is already fast than Henz et al.'s approach.
Conclusion
In this paper, we study the problem of using whole genomes to reconstruct a phylogeny for a given set of species. We propose to derive the distance from the output reported by software tools that are specially designed for whole genome alignment. Experiments show that our proposed approach outperforms the existing approaches that do not make use of whole genome alignment to derive the distance measure and is able to infer a phylogenetic tree with a much higher accuracy. Moreover, our approach is more scalable and can be used to reconstruct a phylogeny for 230 prokaryotic genomes. Regarding the evaluation of a phylogeny, we point out that the evaluation based on non-trivial splits may not be a good indicator and we propose to use the concept of maximum agreement subtree which can also capture the structure of the tree. For further work, we will try to apply the same approach to the eurokaryotic genomes and try to derive other distance measures, for example, measures that can capture the number of mutations, in order to further improve the accuracy of the predicted phylogeny. A detailed study on the measures and the related issues, such as the normalization 17 would be carried out.
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